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Abstract
Background: Income inequalities in sports participation are shaped by a system in which individuals and the
environment interact. We developed an agent-based model (ABM) that could represent this system and used it to
provide a proof-of-concept of its potential to explore the impact of individual and environmental interventions on
reducing inequalities in sports participation.
Methods: Our ABM simulates sports participation of individuals in the Dutch city of Eindhoven. In the model,
sports participation is determined by an individual’s tendency to start sports (at a fitness center, sports club or self-
organized), which is influenced by attributes of individuals (i.e. age, sex, income), sports facilities (i.e. price,
accessibility) and the social environment (i.e. social cohesion, social influence). Sports facilities can adapt to changes
in the demand by closures or startups, which in turn influence the tendency of individuals to participate in sport.
We explored the impact of five interventions scenarios.
Results: Explorative results show that providing health education, increasing the availability of sports facilities,
lowering prices of facilities and improving safety levels can increase sports participation and modestly reduce
absolute income inequalities in sports participation. The largest gain can be attained through health education, if
the effect and reach is sufficiently large. Environmental interventions alone have a modest impact. Marked effects
are only achieved after five to 10 years.
Conclusions: ABMs have much potential to test the population-level effects of various interventions in the context
of a system. Our study highlights the challenges of ABM development and reveals gaps in empirical data. With
further refinements, our model could aid in understanding and finding optimal pathways to reduce income
inequalities in sports participation.
Keywords: Sports participation, Systems thinking, Agent-based modeling, Intervention, Income inequality
Background
Physical activity, including sports participation, prevents
obesity, diabetes, cardiovascular diseases, and several
cancers [1, 2]. Consistent evidence shows that adults
with a lower socioeconomic position (SEP) are less likely
to participate in physical activity and sports than their
counterparts with a higher SEP [3, 4]. The reduction of
socioeconomic inequalities in health behaviors through
the promotion of sport among those in lower socioeco-
nomic groups is a major challenge in public health.
Socioeconomic inequalities in sports participation are
shaped by individual and environmental factors [5–7].
Individual cognitive factors, such as the intention of
sports participation, derived from theories of behavioral
change are important determinants of sports participa-
tion and are known to vary by age, sex and SEP [8].
However, the larger physical and social context in which
behaviors are shaped and sustained also play an import-
ant role, as proposed in the social ecological model [9,
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10]. Environmental characteristics of the built environ-
ment, such as the proximity to sports facilities, (the per-
ception of ) social safety, and economic factors, such as
and price levels of sports facilities, contribute to the ex-
planation of socioeconomic inequalities in sports partici-
pation [8, 11, 12]. Lower socioeconomic groups may
reside more often in neighborhoods that are less sup-
portive for certain health behaviors, including poorer ac-
cess to facilities, and less favorable social circumstances
[13, 14]. Lower socioeconomic groups are more likely to
have a small social network and low social cohesion,
which are relevant determinants of sports participations
[11, 12, 15].
It is increasingly recognized that many of these deter-
minants interact with and feedback on each other, creat-
ing a complex causal web [5, 7]. For example, people are
to some extent sorted in neighborhoods based on char-
acteristics, such as age, income, causing spatial cluster-
ing [16]. Characteristics of the individual and the
residential neighborhood influence sports participation
behaviors of individuals. As a feedback to individual be-
havior, the availability of sports facilities in neighborhood
may change, which subsequently influences sports par-
ticipation behavior, thereby changing social influences
(or norms) that in turn may affect sports participation.
At the same time, environments may reinforce individ-
ual cognitive factors: for example, stronger intentions to
sports are associated with higher availability of sports fa-
cilities [17]. These complexities illustrate that sports par-
ticipation arises from a system with multiple levels that
are interconnected and interact. To be able to identify
optimal ways to promote sports participation and to de-
crease inequalities in sports participation, there is a need
to account for this complex non-linear system.
System approaches can capture a dynamic system in
which individuals interact with each other and their en-
vironment [18]. Agent-based modeling is in particular
promising, because it is the only tool that can simulate
the dynamic processes of behavior change (here: in
sports participation) at the population level by account-
ing for interactions between heterogeneous agents and
their environment [5, 18, 19]. Furthermore, this ap-
proach is very suitable to test long term effects of inter-
vention scenarios and compare them to a counterfactual
[5, 20]. An agent-based model (ABM) contains autono-
mous agents (here: individuals and sports facilities) with
specific characteristics (e.g. income level) and behaviors
(e.g. sports participation) that can be followed over time.
Behavioral rules describe how individuals interact with
each other and the environment. An ABM captures
feedback loops and adaptations of agents, e.g. a behav-
ioral change of agents based on changing environments
(such as more sports facilities) [21]. Recent ABM studies
in social epidemiology have focused on dietary behaviors
[22–24], social networks and obesity [25, 26], and daily
walking [27, 28]. Thus far, no ABM has been developed
to model sports participation.
In this paper we present a new ABM within the Health
Behaviors Simulation (HEBSIM) suite [24]. Our aim is
to represent a system that simulates sports participation
among adults with different income levels to study in-
come inequalities in sports participation, as emerging
from interactions between individuals and sports facil-
ities in neighborhoods of a city. Furthermore, we use our
model to provide a proof-of-concept of its potential to
explore the long term impact of interventions to promote
sports participation and to assess how these interventions
would affect income inequalities in sports participation.
Methods
General modeling approach
We modeled the city of Eindhoven in the Netherlands
with its 88 residential neighborhoods using GIS data ob-
tained from Statistics Netherlands, which was converted
into a grid space with each cell of size 10 m X 10 m
[24]. Individuals and sports facilities were modelled as
agents. During the simulation, individuals become older,
can die, and move out and into the city, based on pat-
terns observed in empirical data [29, 30]. A time step in
the model represents 1 month. Individuals entering the
simulation do not participate in sport. During their life
course, all individuals can start, quit and restart sports
participation in three categories of sports as illustrated
in Fig. 1: fitness, sports club (e.g. football, tennis), and
self-organized (e.g. running) [31]. Whether, when and
how often (i.e. monthly or weekly) an individual engages
in sports participation is determined by the tendency to
start sports, which is an index score of sports participa-
tion that represents how likely an individual would start
sports. In our dynamic model, the tendency is used to
determine the time until an individual starts sports par-
ticipation. An individual with a high tendency to start
sports is very likely to have a short duration until start-
ing sports, while an individual with a very low tendency
will likely have a very long duration, which may lead to
never starting sports in his/her lifetime. We followed a
social ecological approach in which the tendency to start
sports results from interactions with attributes of indi-
viduals (i.e. age, sex, income), sports facilities (i.e. price,
accessibility), and the (social) environment (i.e. safety,
social cohesion, social influence) [9, 10]. This tendency
may change over time as older age groups may less likely
start sports due to for example decreasing ability or atti-
tude [32]. Also, females and lower income groups may
have lower tendency to start sports [32]. Expensive and
remote sports facilities, lower neighborhood safety levels
and lower social cohesion levels are modeled as barriers
of sports participation [8, 11, 12, 17, 33]. Furthermore,
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the tendency to start sports is influenced by sports par-
ticipation of direct neighbors (i.e. social norms) [15]. In
response to sports participation behaviors of individuals,
sports facilities can open or close over time, to which in
turn individuals change sports participation behaviors.
The text below provides an overview of the agent’s attri-
butes, sports participation and behaviors of sports facil-
ities. A detailed model description can be found in the
Additional file 1.
Attributes
The modeled population consists of 173,567 individuals be-
tween the age of 18 and 85 years, which were distributed ac-
cording to the observed number per neighborhood in
Eindhoven in 2014 [29]. Each individual is characterized by
age, sex, income level and a tendency to start sports (index
score). Age, sex, and income were assigned to each individ-
ual based on the distribution per neighborhood: the average
age of the total population was 46 years, 49% was female,
and 41%, 40% and 19% of the population had a low, middle,
and high income, respectively [29]. The tendency to start
sports is an individual characteristic that changes during the
simulation. At creation, each individual is assigned an initial
tendency to start sports participation. To account for
heterogeneity in tendency between individuals, the initial
tendency was drawn from a Gamma distribution with a
mean of one (See Additional file 1: Section 2).
Sports facilities consist of fitness centers and sports
club facilities, and can only be placed at a designated lo-
cation for fitness centers and sports club facilities. These
locations were assigned on the grid based on the ac-
tual number per neighborhood: i.e. 305 fitness center
locations and 98 sports club locations in total. At
the start of the simulation, fitness centers and sports
club facilities are created based on the actual num-
ber of existing sports facilities per neighborhood in
2016: 30 fitness centers and 158 sport club facilities
[34, 35]. The price level of a facility (dichotomized
as ‘cheap’ or ‘expensive’) was assigned based on the
fraction of expensive facilities (0.37 for fitness cen-
ters and 0.40 for sports club facilities). This fraction
was determined by either the average monthly
contribution-fee of a sports facility (cut-off: €20/
month) or by the nature of the facility (See
Additional file 1: Section 3) [36].
Fig. 1 Example of twelve individuals as they may exist in the model in a selected period. Each bar represents the life of one individual, who can
decide to start sports, quit sports or change the frequency of sports in the category fitness, sports club or self-organized. Individuals are grouped
by income-level, i.e. high, middle and low-income. As individuals get older, they can die or move out of the city. Such individuals are replaced by
new individuals to keep the population constant. The vertical dotted line represents the moment of the start of four interventions: providing
health education, lowering prices of sports facilities, increasing availability of sports facilities and improving neighborhood safety
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Modeling sports participation
For each category of sports, the initial tendency was
multiplied by an age group, sex, income, price, accessi-
bility, safety, social cohesion and social influence score
(See Additional file 1: Section 5). Age group scores of
the young (18-35 yrs), middle (35-55 yrs) and old
(55-85 yrs) age group, sex scores of males and females,
and income scores of high-, middle- and low-income
group were determined by calibrating the model against
observed sports participation by age group, sex, and in-
come level.
The price and accessibility scores depend on the se-
lected fitness center or sports club facility. We assumed
that sports participation in the category self-organized is
not influenced by the price and accessibility score. To
choose which sports facility to go to, individuals rank all
fitness centers or sports club facilities based on a prefer-
ence score and select the best fitness center or sports
club facility (See Additional file 1: Section 5.1). The price
score is set to 1.0, if the price level of the facility is
cheap, and 0.85 if it is expensive. The latter is estimated
using data from the GLOBE study [37]. The accessibility
score is measured as e−β ∙ d, where d is the distance to a
sports facility, and β is the distance decay. The distance
decay of sports participation in the categories fitness and
sports club were calibrated such that model outcomes
match sports participation by categories of sports.
The perceived safety and social cohesion scores of an
individual’s neighborhood were both derived from data
[29]. Lastly, the tendency was assumed to increase with
the social influence score, which is measured as the pro-
portion of direct neighbors that engage in sports. Direct
neighbors are defined as all those that live within a 50-m
radius of the individual.
The time between entering the model and starting
sports in a category of sports was modeled as exponen-
tial random variables. The rate of the exponential ran-
dom variables is determined by the sports category
-specific tendency multiplied by the mean frequency of
sports in the city per year. The latter was calibrated
against observed data on the overall sports participation
in Eindhoven [34]. At the time of starting sports partici-
pation, the individual is categorized into either monthly
or weekly sports participation (See Additional file 1: Sec-
tion 5.4).
Quitting sports participation is determined by annual
quitting probabilities. These were chosen at 0.28, 0.12
and 0.27 for the category fitness, sports club, and
self-organized, respectively, based on national Dutch
data [38]. Individuals who quit sports can restart sports
after some time. The time between quitting sports and
restarting sports is determined in a similar way to start-
ing sports. In addition, individuals can also change the
frequency of sports at the end of every year after starting
sports. The probability of changing the frequency was
derived from data about the intention to increase (i.e.
from monthly to weekly) or decrease (i.e. from weekly to
monthly) the frequency: 0.21 and 0.09, respectively [38].
An individual can also decrease or increase the fre-
quency, whenever he/she starts multiple sports or quits
sports when engaged in multiple sports. This occurs
with an assumed probability of 0.5 (See Additional file 1:
Sections 6 and 7).
Modeling behaviors of sports facilities
During the simulation, new sports facilities can open
and existing sports facilities can close in the city, and
thus altering the composition of sports facilities. We as-
sumed that on average one fitness center and one sports
club facility close every year, and that on average also
one fitness center and one sports club facility open in
the city every year. In our model, the facility with the
fewest members closes, upon which the location be-
comes vacant. A new facility is opened at a vacant loca-
tion of a neighborhood with the highest demand for
sports (See Additional file 1: Section 8).
Model calibration and outcome
The calibration process was performed using a grid
search in which eight unknown parameters were cali-
brated under three assumptions of variation in initial
tendency (See Additional file 1: Section 9). The model
was run for 50 years to make sure it reached equilib-
rium. Model outcomes in equilibrium were matched to
the observed overall sports participation and sports par-
ticipation by age group, sex, income and category of
sports in Eindhoven [39]. Results in this paper are based
on the best fitted model, i.e. assuming a Gamma (1.0,
0.5) for initial tendency (See Table 1, Additional file 1:
Table S2 and Figure S4).
The outcome of interest is the annual overall sports
participation and sports participation by income level.
Absolute income inequality was calculated as the differ-
ence between sports participation in the high- and
low-income group. Final model outcomes were the re-
sult of the average of 80 simulation runs. Intervals
reflecting 95% uncertainty ranges were constructed by
discarding the two highest and lowest outcome values.
Interventions
To provide a proof-of-concept of the use of our model,
we explored the impact of five intervention scenarios: 1)
providing health education, 2) lowering prices of sports
facilities, 3) increasing the availability of sports facilities,
4) improving neighborhood safety and 5) combining all
previous interventions simultaneously (i.e. multilevel
intervention) [10]. These intervention scenarios were
chosen because they target both individual and
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environmental factors of the system. Also, the long term
population-level impact of these interventions is gener-
ally unknown as they are difficult to test in real-life, re-
quiring long follow-up studies. Results of intervention
scenarios were compared to a scenario with no interven-
tion for a period of 25 years, assuming everything re-
mains unchanged. All interventions were assumed to be
of immediate effect.
1. Health education is known to be have a positive
effect on individual sports participation [40]. Here,
we modeled health education as an increase in the
tendency to start sports participation by a factor of
1.5. This factor was informed by the difference
between the income score of high and low-income in-
dividuals (difference: factor of 2; See Table 1). The
intervention was provided to 15% of the individuals
who do not participate in sports. In separate scenarios,
we further examined more optimistic scenarios in
which the effect factor was gradually increased from
1.5 to 3 and the coverage from 15 to 50%.
2. Lowering prices of sports facilities was modeled by
changing the price level of ‘expensive’ fitness
centers and sports club facilities to ‘cheap’. As
sports facilities are cheap from then on, it takes
away the barrier of price level.
3. Increasing the availability of sports facilities in
neighborhoods with low sports participation is
hypothesized to increase sports participation,
because it reduces distance [33]. In this scenario,
one fitness center and one sports club facility were
added to the five neighborhoods with the lowest
sports participation. The newly created facilities are
protected from closure in the next 10 years. In
separate scenarios, we also explored the option of
increasing the number of neighborhoods with new
sports facilities.
4. Improving safety levels reduces a barrier to start
sports participation [4]. In this scenario, the
perceived neighborhood safety score was increased
to the mean safety score of the entire city. This
intervention only applies to neighborhoods with a
safety score that is below the mean at the time of
the start of the intervention. We also explored the
impact of increasing the safety score to that of the
neighborhood with the highest safety.
Results
Figure 2 presents the explorative impact of five interven-
tion scenarios on sports participation. Providing health
education, lowering the prices of sports facilities, in-
creasing the availability of sports facilities and improving
safety could increase sports participation from 63.1 to
65.7%, 63.5%, 64.1% and 63.5%, respectively (Fig. 2a).
The large uncertainty around these predictions indicates
that there is a chance that some scenarios may have no
effect on sports participation at a population level, but
the effect may also be two to eight times as large. Com-
bined interventions could yield an increase of 4.1%
points (from 63.1 to 67.2%) in sports participation,
which equals an additional 7100 individuals starting
sports. Interventions aimed at sports facilities only in-
crease sports participation in the category fitness and
sports club (Fig. 2b). The effects of interventions grad-
ually increase over time with any marked effects usually
only achieved after 5 to 10 years.
Figure 2c shows the potential impact if we could fur-
ther increase the effect and reach of health education,
the number of neighborhoods with new sports facilities
and safety levels. Doubling the effect and reach of health
education could increase sports participation to more
than 70%. Building sports facilities in more neighbor-
hoods could increase sports participation up to 67.1%.
However, the gain of building facilities in an additional
neighborhood diminishes after 15 neighborhoods. Fur-
ther increasing the perceived safety score to 0.75 in all
neighborhoods could increase sports participation to
64.9%.
Figure 3 shows the impact on income inequalities in
sports participation. At baseline the modeled sports par-
ticipation is 71.6%, 61.8% and 60.3% for the high-, middle-
and low-income group, respectively. All interventions
show a larger increase in lower income groups compared
to the high-income group, indicating a decrease in abso-
lute income inequalities (Fig. 3b). Again, combining all in-
terventions yields the largest impact: absolute income
Table 1 Calibrated model parameters a
Parameters Value (95% CI b)
Frequency of sports per year, mean 153.5 (146.2–160.9)
Age group score
18-35 yrs 1.0 –
35-54 yrs 0.157 (0.139–0.175)
> 55 yrs 0.148 (0.136–0.160)
Sex score
Male 1.0 –
Female 0.659 (0.608–0.710)
Income score
High income 1.0 –
Middle income 0.471 (0.428–0.514)
Low income 0.428 (0.387–0.470)
Distance delay score
Fitness center 0.029 (0.028–0.031)
Sports club facility 0.027 (0.025–0.028)
aAssuming that initial tendency follows a Gamma(1.0,0.5)
b95% confidence interval
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inequalities in sports participation between the high- and
low-income groups drop from 11.3 to 10.1% after
25 years.
Absolute income inequalities in sports participation
within neighborhoods are predicted to decrease in al-
most all of the neighborhoods (See Fig. 4). However,
neighborhoods with large inequalities at baseline will
continue to have the largest inequalities after the inter-
ventions. These neighborhoods are primarily situated at
the periphery of the city.
Discussion
This study presents an ABM for income inequalities in
sports participation. It provides a first example of how
the concept of complex systems-thinking in sports par-
ticipation behavior could be translated into an ABM.
The need to embrace this concept is now increasingly
being recognized [41–43]. Furthermore, we used our
model to illustrate its potential to explore the long term
population-level effects of various interventions in the
context of a system. Although our explorative results of
interventions are secondary to the proof-of-concept,
these may still provide some useful insights.
Explorative results show that providing health educa-
tion, increasing the availability of sports facilities, lower-
ing prices of facilities and improving safety levels can
increase sports participation. Also, they modestly reduce
absolute income inequalities in sports participation. Our
model suggests that the largest gain can be attained
through health education, if the effect and reach is suffi-
ciently large. Interventions targeting prices of sports fa-
cilities, the availability of sports facilities and safety
levels solely generally have a modest impact. Combined
interventions yield the highest impact, suggesting that a
Fig. 2 Predicted impact of five intervention scenarios on sports participation. a Impact on the proportion of total sports participation over time; b
Impact on the proportion of sports participation by the category of sports after 25 years compared; c Impact of alternative intervention scenarios
of health education, availability of sports facilities, and safety levels on sports participation after 25 years. Interventions scenarios include: 1)
providing health education (effectiveness: 1.5x current tendency; reach: 15%), 2) lowering price level of expensive sports facilities to cheap; 3)
increasing availability of sports facilities in five neighborhoods; 4) improving safety (target: average perceived safety score); 5) combining all
previous interventions. The shaded area represents the 95% uncertainty interval due to parameter uncertainty and stochastic variation. Alternative
intervention scenarios include: 1) varying effect of health education on an individual’s current tendency (1.5x, 2x, 2.5x, 3x current tendency) and
its reach (15 and 50%); 2) increasing the number of neighborhoods with new sports facilities (10, 15, 20, 30, 50); 3) increasing the target level of
safety (high level). The squares represent the outcomes of the intervention scenarios, and circles represent the outcomes of alternative
intervention scenarios. The error bars represent the 95% interval due to parameter uncertainty and stochastic variation
Blok et al. International Journal of Behavioral Nutrition and Physical Activity          (2018) 15:107 Page 6 of 10
multilevel approach is favorable over single interven-
tions. This result is in line with the key premises of so-
cial ecological models [10]. However, the impact of
combined interventions shows overlap, represented by
the fact that the sum of the impact of single interven-
tions is greater than that of combined interventions.
This implies that adding another intervention does not
necessarily result in a significant additional impact,
because they affect the same people. This is also a reason
why we need ABMs; such effects are difficult to measure
in real-life due to the complexities to design and conduct
controlled experiments. ABMs can aid in testing the
added value of multilevel interventions [10, 44].
Significant population-level effects are usually obtained
after 5 or 10 years, which supports the general idea that
policies and interventions may affect population health
Fig. 3 Predicted impact of interventions on sports participation rates by income group. a Impact on the proportion of total sports participation
by income group over time; b Relative increase in sports participation after 25 years by income group; Interventions scenarios include: 1)
providing health education (effectiveness: 1.5x current tendency; reach: 15%), 2) lowering price level of expensive sports facilities to cheap; 3)
increasing availability in five neighborhoods; 4) improving safety (target: average perceived safety score); 5) combining all previous interventions.
The shaded area represents the 95% uncertainty interval, which reflects parameter uncertainty and stochastic variation
Fig. 4 Predicted impact of interventions on absolute income inequalities in sports participation rates. a Absolute income inequalities of sports
participation at baseline; b absolute income inequalities of sports participation after 25 years with combined interventions. Absolute income
inequalities are the difference between the proportion of sports participation in the high- and low-income group
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slowly [45]. It should be noted that we even assumed the
interventions to have an immediate impact, so that real
impact likely appears after an even longer time. As in
most cases direct evidence for the long-term
population-level effect of an intervention is unknown,
ABMs can be useful for long-term planning of interven-
tion studies.
Although we managed to model a system of sports par-
ticipation and to replicate sports participation rates of the
city of Eindhoven, it remains a simplified representation
of the processes driving sports participation and there is
substantial room for further improvements, especially if
more (detailed) data become available. Thus, our explora-
tive findings of the interventions cannot be interpreted for
policy-purposes yet, but are indicative at most. Our model
could be regarded as a starting point or example for future
models to be developed in this area.
Developing an ABM goes hand in hand with chal-
lenges, including design, identifying interactions, and
data and parametrizing models. The design of an ABM
is subjected to the purpose of the model. Generally, it is
advised to start simple, because such models can reveal
new theoretical ideas and knowledge gaps [46]. As the
aim of this study was to provide a proof-of-concept of
the usage of ABM, we started off by modeling sports
participation based on a simple social ecological model,
including interactions between individual and environ-
mental factors. As a result, we disregarded typical behav-
ioral change theories, such as Theory of Planned
Behavior [47]. Individual cognitive factors have been
simplified and captured by the model-specific concept
called “tendency”. (Unmeasured) variation in tendency
between individuals is to a large extent expressed
through the stochastic nature by which initial tendency
has been assigned and used. The process of personal de-
cisions making is one area that would be first on the list
to be refined. This could be done by modeling behav-
ioral change theories. However, this is only recom-
mended, if the purpose of the model is to evaluate
possible changes in the attributes of these theories, such
as attitude or intention.
The identification of relevant factors underlying sports
participation at the individual and population level were
based on: (1) a review of the literature about their im-
portance to explain sports, (2) their relevance for po-
tential intervention targets. Obviously, not all relevant
factors will have been included, making the scope of
the model purposely narrow. The paradox is that if a
model has a large number of factors (i.e. more com-
plicated), it will be more difficult to interpret and val-
idate [48]. It is therefore advised to start by fully
understanding the dynamic processes within a rela-
tively simple model, before embarking upon more
complex, comprehensive models [46].
There are a number of simplifications in our model.
First, starting sport, changing frequency and quitting
sports are modelled completely independently. For ex-
ample, quitting sports was based on rates and did not
depend on an individual’s tendency. To be able to model
these processes more accurately, data are needed that
follow individuals’ sports participation behavior in differ-
ent categories of sports over time and include informa-
tion about key drivers of starting, quitting and changing
frequency of sports participation. Second, dichotomiza-
tion of price levels, which may to some extent explain
why the impact of lowering prices of sports facilities on
sports participation turned out to be very modest. A
continuous price level might have been a better ap-
proach. However, this would require data about the rela-
tionship between price levels and sports participation.
Third, the social environment was restricted to direct
neighbors only. Close contacts, such as friends, are not
considered in this model, even though this has been ar-
gued to be most influential with regard to health behav-
iors [45]. In order to model close contacts, network data
is required which also include sports participation be-
haviors of the respondents. Fourth, our model did not
account for effect of sports participation started in child-
hood. It is known that sports participation in adulthood
is partly determined by the sports participation during
childhood or adolescence. Moreover, these decisions in
childhood are largely influenced by the parents’ SEP,
which partly explains income inequalities at later stages
of life. Further extending the model by incorporating a
life course perspective might therefore be an important
next step [49, 50].
ABMs as any kind of mathematical models require
thorough evaluation, which includes verification, calibra-
tion and validation. To assure some realism in our
models, we based parameter values and decision rules
directly on empirical data and studies where possible.
Validation of the projected trend and impact of interven-
tion scenarios with fully independent data would in-
crease reliability, but was unfortunately not possible due
to lack of such data, which is a common problem in
agent-based modeling in general. This is a crucial step if
we want these models to become an aid for policy.
Modeling findings should always be interpreted in the
context of the assumptions made about the intervention
scenarios. In this study, explorations of the impact of in-
terventions were primarily intended to illustrate the po-
tential of ABM; therefore, we used rather extreme
(unrealistic) assumptions. For example, we assumed that
all interventions have an immediate effect, while in real-
ity this likely is a much slower process which may even
take years (e.g. building new facilities). Our predicted
time frame for interventions to reach large impacts may
therefore be underestimated. Also, we assumed that the
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composition of sports facilities is optimal at baseline.
Our model was run for 50 years to reach equilibrium
allowing the locations of sports facilities to be optimized
through closures and startups. The impact of interven-
tions targeting sports facilities may have been slightly
larger if we would have started from a situation in which
the composition of sports facilities is suboptimal. Fur-
thermore, long term projections of interventions should
always be interpreted with care, as populations may
change over time in terms of size, age structure and in-
come distribution per neighborhood.
Conclusion
We conclude that ABMs have potential for developing
and testing the population-level effects of various inter-
ventions in the context of a system. Our study illustrates
the level of complexity of an ABM and highlights gaps
in empirical data. Explorative findings highlight that in-
creasing sports participation and reducing income in-
equalities in sports participation requires sustained effort
with population-level effects only being visible in the
long-term. With further refinements, ABMs may eventu-
ally become useful tools to support decision-makers in
answering questions in public health arising from com-
plex interactions.
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